The proposed RAITIIFNNC system is comprised of a interval type II fuzzy neural network identifier and a robust controller. The identifier is utilized for online estimation of the compound uncertainties. The robust controller is used to attenuate the effects of the approximation error so that the perfect tracking and synchronization of chaotic systems are achieved. All the parameter learning algorithms are derived based on Lyapunov stability theorem to ensure network convergence as well as stable synchronization performance. From the simulation example, to synchronize two Lorenz chaotic systems, it has been shown that the effectiveness of the proposed method has been verified.
Problem Formulation
Consider the uncertain chaotic system in the form of
 is the n-dimensional state vector of the system, is the external disturbance with unknown upper bound term. In this paper, it is assumed that system (1) exhibits chaotic dynamics. The response system is:
Where n R Y  represents an n-dimensional state vector of the system, n R u  represents the control input, and generally
The control objective is to force the state vector X to follow the desired trajectory Y . Let us define the tracking error as  . If the tracking error vector trends to zero as t tends to infinity, then the chaotic systems (1) and (2) are synchronous. The dynamical expression of the tracking error that can be derived by subtracting (2) from (1) as
For further development, let us define the compound uncertainty as:
Then Eq. (4) can be rewritten as:
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From the viewpoint of control theory, the synchronization between systems (1) and (2) is equivalent to the asymptotical stability of the error system (4) at e=0. Hence, an ideal controller can be designed as:
where K is a feedback matrix to be determined so that the eigen values of the matrix A+K lie strictly in the open left half of the complex plane. However, the compound uncertainty D(Z) is unknown for the random-varying parameters and external disturbance, the ideal controller (7) cannot be precisely obtained. Alternatively, a robust controller with the ability to online identify the unknown uncertainties can resolve the mentioned problem. Therefore, this paper will propose SAFNC system with adaptive algorithm to make the chaotic systems (1) and (2) synchronous despite the existence of the uncertainties.
Structure Learning Algorithm of ITIIFNN
The structure of ITIIFNN [16] [17] is depicted in Figure 1 can be computed using Kamik-Mendel iterative algorithms as: Layer 5 (Output layer): Each output node corresponds to one output variable and act as a defuzzifier. Hence, the defuzzified output shown as:
Remark: Initially, there are no fuzzy rules in ITIIFNN. All of the rules are generated online by the structure learning that not only helps automate rule generation, but also locates good initial rule positions for subsequent parameter learning. Furthermore, the structure and parameter adjustment are performed simultaneously.
Design of the RAITIIFNN Identifier and Robust Controller
Since the compound uncertainty D(Z) is unknown, in the following, a RAITIIFNN identifier is constructed to estimate the dynamics of this uncertain term D(Z). The inputs of the RAITIIFNN are the elements in the vector Z, and the output of the RAITIIFNN is the vector D(Z). For the ease of notation, define adjustable parameter vectors W, m, and ó collecting all parameters of the SOFNN as 
Based on the powerful approximation ability, there exists an optimal RAITIIFNN to learn the compound uncertainty D(Z) in Eq. (5) 
For chaotic attractors are bounded in the phase space. The approximation error 
is the high order residual term. Accordingly, using Eqs.(20)and (18) , the approximation error vector ) ( Z  can be written as:
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Assume that the bound of the overall approximation error
. Now, the NFN-based controller is designed as:
The parameter learning occurs concurrently with the structure-learning. For each piece of incoming data, all free SAIT2NNN parameters are tuned, whether the rules are newly generated or originally existent, the update laws of the consequent parameters 
Where w  is the learning-rate parameter for the weighting interval factors. Since the type-reduction nodes and the rule nodes do the type-reduction and product operation, respectively, only e error signals should be propagated in these two layers. In the member layer, the update laws for parameters in input MFs are derived as: Consider the uncertain chaotic system(1)and the expectation chaotic system(2), if the NFN-based controller is designed as (27) and the adaptation laws of the NFN parameters are designed as (23), (24) and (25), then all NFN parameters and the tracking error are uniformly ultimately bounded.
Proof

Consider the Lyapunov function as
Where P is chosen to be a real symmetric positive matrix satisfying
,and it is the input covariance matrix, which is a positive define symmetric matrix and has the following property:
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Define a set as:
by Barbalat's Lemma, the stability of the learning scheme is guaranteed, and
,which implies that the weight vector ) ( t W ITIIFNN may drift to infinity. Thus, to ensure the robustness of the learning algorithm, a dead zone can be introduced in the parameter equation as follows:
Computer Simulation
In this section, we apply the proposed RAITIIFNNC system to synchronize between systems (1) and (2) . To demonstrate the effectiveness of the proposed method, we choose the well-known Lorenz chaotic system as an example [12] . Consider the uncertain Lorenz chaotic system with random-variable parameters in the form of . As the RAITIIFNN starts to learn, the means of Gaussian membership functions are selected as the initial system states, and the output weights are randomly chosen in [−1,1]. The initial states of systems (33) and (34) are randomly selected as X= [6,−1,8] and Y=[−2,4,−5], respectively. The simulation results are shown in Figure 2 , Figure 3 . From Figure 2 , the proposed controller can make the tracking errors converge to zeros as time goes; it means that the trajectories of the controlled chaotic system achieve synchronization
Conclusion
Thanks to the rule uncertainties and the training data corrupted by noise, the circumstances are too uncertain to determine exact membership grades. A new stable robust adaptive interval type II fuzzy neural controller in which linguistic fuzzy control rules can be directly incorporated into the controller is developed to synchronize two different chaotic systems. The RAITIIFNN control system consists of the type II fuzzy neural network identifier and the robust controller to enhance the tracking performance in spite of the system uncertainties. All adaptive learning laws in the RAITIIFNN control system are derived in the sense the Lyapunov stability theorem to ensure the convergence and stability of the control system. Finally, this method has been applied to control the Lorenz chaotic system with random-variable parameters. The computer simulation results show that the RAITIIFNNC can perform successful control and achieve desired performance.
